Do apprenticeships convey mainly general or also firm-and occupation-specific human capital? Specific human capital may allow for specialization gains, but may also lead to allocative inefficiency due to mobility barriers. We analyse the case of Switzerland, which combines a comprehensive, high-quality apprenticeship system with a lightly regulated labour market. To assess human capital transferability after standardized firm-based apprenticeship training, we analyse inter-firm and occupational mobility and their effects on post-training wages. Using a longitudinal data set based on the PISA 2000 survey, we find high inter-firm and low occupational mobility within one year after graduation. Accounting for endogenous changes, we find a negative effect of occupation changes on wages, but no significant wage effect for firm changes. This indicates that occupation-specific human capital is an important component of apprenticeship training and that skills are highly transferable within an occupational field.
Introduction
In this article, we study the specificity and transferability of human capital by analysing inter-firm and occupational mobility of Swiss apprentices shortly after the conclusion of training. Countries with comprehensive work-based apprenticeship programs lend themselves to the study of occupation-specific human capital because they are structured along a multitude of well-defined occupations and corresponding educational tracks. Work-based apprenticeships are of central importance to the educational system in many countries, such as Austria, Denmark, Germany, the Netherlands, and Switzerland (Wolter and Ryan, 2011) . In the UK, policy initiatives have been proposed to reinvigorate the apprenticeship system (see UK Parliament, 2009) , whilst calls for more vocational education tracks are a subject of public debate in the USA (see Hoffman, 2011; Symonds et al., 2011;  or President Barack Obama's 2014 State of the Union Address).
The main economic rationale for a comprehensive work-based apprenticeship system is to provide trainees with a set of clearly defined and nationally tested occupational skills that are transferable to other firms after graduation. Occupational skills promise specialization gains due to more specialization than would be achieved in a purely general education system. Apprentices acquire occupation-specific human capital that enables them to immediately begin work as skilled workers after training; in a general education system, they would need to go through a period of on-the-job training when taking up employment at a firm. However, this specialization may also be detrimental if the allocative efficiency of apprenticeship systems is inferior to that of general education systems. Specific human capital may impede workers from making efficiency-enhancing firm or occupation changes and lead to wage losses for those who want to or have to leave the training firm or the learned occupation. This barrier becomes particularly important when job prospects on the labour market deteriorate because of the business cycle or changes in the skills needed in the economy, due to technological change or macroeconomic reallocation (Wasmer, 2006; Bassanini et al., 2007) . Transferability might become even more important in the future, as some studies have indicated that occupational mobility has generally been increasing in recent decades (Parrado et al., 2007; Kambourov and Manovskii, 2008; Lalé, 2012) .
The potential for gains from specialization as well as allocative inefficiencies associated with apprenticeship systems depend on the transferability of the human capital acquired in apprenticeships. Firm-based apprenticeships have been suspected of conveying an overly specific, narrow set of skills.
1 To empirically assess the transferability of this human capital, we study the incidence of inter-firm and occupational mobility 2 of Swiss apprentices shortly after their training and the effect of these types of mobility on wages.
The literature on mobility after apprenticeships refers mainly to Germany and comes to heterogeneous results on the importance of inter-firm mobility for wages. Von Wachter and Bender (2006) found causal evidence of initial wage losses for graduates leaving middleand large-sized training firms at the time of graduation. In addition, they showed that initial sorting, adverse selection, and endogenous job mobility bias ordinary least squares (OLS) regression results such that short-run wage losses are under-estimated on average. Acemoglu and Pischke (1998) and Bougheas and Georgellis (2004) also found negative effects of leaving the training firm. Harhoff and Kane (1997) and Werwatz (1996) found some evidence for positive wage effects, whereas Dustmann et al. (1997) and Euwals and Winkelmann (2004) found no significant mover-stayer wage differential.
The effects reported for switching out of the learned occupation are similarly heterogeneous. Gathmann and Schoenberg (2010) found that task-specific human capital accounts for a part of the wage growth observed for medium-skilled workers. Fitzenberger and Spitz (2004) found positive effects of occupational changes. Werwatz (2002) found wage losses only for those occupational movers who ended up in unskilled jobs, showing that apprentices' human capital is largely general. Clark and Fahr (2002) came to a similar conclusion. Goeggel and Zwick (2012) looked at firm and occupation changes in the period 1 Heckman (1994) described the German apprenticeship program as 'very narrow technical training' with a 'rigid curriculum' that contributes 'to diminished options in later life'. 2 We use the terms 'occupational change' and 'occupational mobility' interchangeably.
immediately after graduation and reported heterogeneous wage effects; on average, they found positive effects for firm changes and negative effects for occupation changes.
We contribute to this literature by analysing firm and occupation changes in one estimation model. Many of the mentioned studies addressed the endogenous nature of mobility, but none of them analysed employer and occupation changes simultaneously.
3 This is necessary to disentangle the effects of firm-and occupation-specific human capital on wages in the early careers of apprenticeship graduates, because occupational change typically goes hand in hand with employer change. A new study by Fitzenberger et al. (2015) , however, uses an estimation approach similar to ours for Germany. They use variation in regional labour market characteristics to analyse wage effects caused by both mobility across firms and mobility across occupations after graduation from apprenticeship. They find that pure firm changes and occupation-and-job changes result in average wage losses. The evidence reported in the literature may not be generalizable outside of Germany, where there are labour market institutions that limit the ability to observe the effects of mobility on wages (Muehlemann et al., 2010) . Labour market institutions that hinder posttraining mobility (such as work councils, industry-wide collective agreements, strong employment protection) are weaker or non-existent in Switzerland. By looking at outcomes in Switzerland, we can shed light on the outcomes of mobility from comprehensive apprenticeships schemes (like those in Germany) under more lightly regulated labour market conditions, similar to those that prevail, for example, in English-speaking countries. 4 We investigate the inter-firm and occupational mobility of a sample of apprentices who have just completed several years of training in firms (combined with vocational school) in a particular occupation. After training, apprentices must decide whether to (i) continue working for their training firm as a skilled worker, (ii) change firms within the learned occupation, or (iii) change firms and move out of the learned occupation.
5 Analysing the causal wage effect of trainees' mobility decisions by addressing the endogeneity of mobility allows us to assess the transferability of the trainees' newly acquired human capital to other firms and occupations. We use a longitudinal data set that is based on the Swiss cohort of the Programme for International Student Assessment (PISA) 2000 and matches employer and employee data. We exploit the employment information of workers one year after apprenticeship graduation, along with information on their training period. One advantage of this data is that all trainees are at the same stage of their labour market career; mobility immediately after training is not 3 Von Wachter and Bender (2006) and Werwatz (1996) dropped occupational changers when analysing the causal wage effect of employer changes. Clark and Fahr (2002) focussed on displaced workers when analysing occupational changes. Goeggel and Zwick (2012) estimated separate models for employer change and occupational change; it remains unclear whether the correlation between them is taken into account. Other studies ignored the possibility that the wage effect of firm (occupation) changes might be partly driven by a loss of occupation-specific (firm-specific) human capital. An exception is Longhi and Brynin (2010) , who studied inter-firm and occupational mobility in Britain and Germany but did not address the endogeneity of mobility with respect to wages. 4 The Swiss labour market is one of the least regulated in Europe. Unlike in Germany, employment protection is low (OECD, 2004; Venn, 2009 ) and inter-firm mobility after apprenticeship is relatively high (Wolter and Ryan, 2011) . 5 We restrict attention to these three alternatives. Occupation change always implies a firm change since we observe virtually no cases of occupation changes within the training firm after training.
influenced by years of (additional) labour market experience. Some confounding factors associated with years on the labour market include job-shopping, multiple changes, and internal promotions. By avoiding these factors, the wage effects of mobility after training provide a "purer" measure of the transferability of human capital acquired in training than analyses that compare learned and current occupations for employees with many years of labour market experience. 6 Furthermore, the data set contains open text information on the learned and current occupations (in addition to occupation codes) that we use to ensure accurate coding of occupation change. The wealth of background variables available in PISA allows us to control for important dimensions of individual heterogeneity such as socio-economic background, ability, and the quality of worker-firm and worker-occupation matches. Finally, we address further sources of endogeneity of inter-firm and occupational mobility by means of the multinomial treatment regression model of Deb and Trivedi (2006) .
Human capital production in Swiss apprenticeships
Two thirds of a cohort in Switzerland undertake a firm-based apprenticeship at the upper secondary level, whereas only approximately 20% of a cohort choose college-bound high school (CCRE, 2014) . The quality of this mass apprenticeship system is considered to be very high (Hoeckel et al., 2009; Hoffman, 2011) . Swiss apprenticeships should not be confused with remedial education or training for the unemployed. This is highlighted by the fact that Switzerland's open and highly competitive economy relies on a skilled workforce that has to a large extent been trained in apprenticeships. Swiss youngsters enter the apprenticeship market and apply for training places at firms after compulsory schooling. Firms are free to offer training places in any of approximately 250 training occupations covering all domains of the economy and to select the apprentices they want to take on. Cantonal authorities have to approve apprenticeship contracts to ensure that training firms fulfil the legal requirements (such as employing trained supervisors). Whilst participation in the apprenticeship market is voluntary for firms and youngsters, federal laws regulate the occupations in which apprenticeships can be undertaken and provide various instruments for quality control. National training ordinances define every occupation's title, duration, educational objectives, curricula (including the number of lessons in vocational school), and procedures for the final exams. These regulations and the external certification reduce asymmetric information between the actors about training content and workers' ability (Acemoglu and Pischke, 2000; Malcomson et al., 2003) and ensure that firms provide a certain amount and quality of training that is transferable to other firms after graduation.
Whilst the state fully finances vocational schools, training firms receive no subsidies. Cost-benefit surveys show that training firms incur substantial costs for on-the-job trainers, infrastructure, material, and so on. Yet the productivity of apprentices during the training period offsets all costs for the firms on average (Wolter et al., 2006) . This result is in line with the standard Becker (1962) model for general on-the-job training in competitive labour markets, where trainees bear the costs of general training.
6 Firm or occupation movers may require more time than stayers before their wages reflect their individual performance potential. Firms would then pay wages equal to the expected value of movers' productivity, which will still allow us to identify the productivity differential between movers and stayers.
Successful graduates of an apprenticeship are awarded federally recognized diplomas and the respective titles that identify them as skilled workers in their occupation. The apprenticeship curricula provide for a mix of general and specialized occupational skills: for three or four years (in few cases, two years), apprentices work for three to four days a week in their training firm and attend vocational school for one to two days a week. In firms, they acquire all types of skills, learning about the firm's products and production technology, occupational tasks, and general skills such as work values (accuracy, etc.) . In vocational schools, apprentices attend general education classes and occupation-specific lessons. Industry training courses organized by employer associations complement the education in schools and firms by training all apprentices in a set of occupation-related skills defined in the training ordinance. Final exams consist of oral, written, and practical parts that test general and occupational knowledge and skills as defined in the training ordinance.
From a human capital perspective, apprentices acquire a mix of general and occupational skills that are transferable to other firms. Firms are free to provide additional firm-specific skills. Stevens (1994) demonstrates that monopsony power due to imperfect competition can lead training firms to over-invest in the firm-specific element of training to reduce turnover and capture the benefits of training at the expense of the worker. If the costs and benefits of firm-specific human capital are shared between training firm and apprentice (Becker, 1962; Hashimoto, 1981; Leuven and Oosterbeek, 2001) , the workers' returns on firm-specific human capital should be observable in wages. Changing the employer after training should then lead, ceteris paribus, to a wage loss. Becker's (1962) concept of firm-specific human capital extends to occupation-specific human capital (Shaw, 1987; Zangelidis, 2008; Kambourov and Manovskii, 2009; Sullivan, 2010) : occupation-specific human capital is transferable to other jobs within the same occupation but cannot be used in jobs outside that occupation. It can thus be classified as 'transferable' according to the definition by Stevens (1994) , in which 'it is of some value to at least one firm in addition to the training firm', but not perfectly general. 7 An exogenous change away from the learned occupation should entail a wage loss, ceteris paribus, because acquired occupation-specific skills cannot be put to use anymore. The causal wage difference between those changing occupation and those staying in an occupation can be interpreted as a measure of the transferability of training and, accordingly, as a measure of the occupation-specificity of the human capital that the training confers.
Data
We use the Swiss TREE (Transition from Education into Employment) data set, which is a follow-up survey of pupils that were tested at age 15 by PISA 2000 (OECD, 2002) . As of 2001, TREE followed the students tested in PISA 2000 (then in their last year of compulsory schooling) for several years thereafter (TREE, 2008; Bertschy et al., 2009) . These data enable us to obtain PISA reading literacy test scores and other background information on individuals, along with detailed information about their training and working careers on a yearly basis. Sample attrition is relatively low at approximately 6.5% per year. We use individuals who completed their apprenticeship by 2005 and use data including wave 2006 to 7 At first sight, such transferable human capital does not offer a lever for firms to retain workers as firm-specific human capital does. Yet if firms have monopsony power within the boundaries of the occupation, occupation-specific skills could also be used to retain workers (Smits, 2007) .
identify their subsequent labour market outcome one year after graduation. Focussing on this period allows us to include the vast majority of the individuals with apprenticeships because these programmes typically start immediately after compulsory school and end after two to four years. 8 We observe 1,618 individuals with a transition from apprenticeship to work or to another activity within a year after graduation. Of the graduates, 72% took up work, 15% were enrolled in further education, 4% were serving in the military, 3% were temporarily out of the labour force because they were travelling or engaged in language studies abroad, and 6% were unemployed. We include working individuals with non-missing values in the wage and mobility variables. Our final sample of employed individuals include 878 observations for the wage regressions. Due to the limited sample size, we do not split the sample between men and women. Female labour participation is similar to male participation at this age for apprenticeship graduates. 9 We control for occupation dummies to account for occupational segregation by gender in the labour market. The mobility behaviour after apprenticeship is our primary interest; firm change is defined as working in a different enterprise than the training enterprise.
10 Occupation change is defined as a change away from the apprenticeship two-digit occupation after the apprenticeship period, based on occupation codes used to classify occupation by the Swiss Federal Statistical Office (FSO). 11 There are 39 two-digit occupation categories. Thus, we adopt a rather broad definition of an occupation to exclude changes between occupations entailing a very similar set of skills. 12 As a sensitivity check, we also provide results for five-, three-, and one-digit changes. The Online Appendix contains detailed information on our use of the occupational classifications and open text information from the surveys to obtain valid coding of occupational change. As only three individuals showed an occupation change without a firm change (these were dropped from the analysis), we defined three mutually exclusive mobility categories. These are represented by the two dummy variables: firm movers who remain within the learned occupation, occupation changers who switched both firm and occupation, and the reference category, stayers.
8 Comparing our TREE sample with official numbers on apprenticeship graduates, graduates of four-year apprenticeships are slightly under-represented. 9 In our data, female labour market participation of apprenticeship graduates is even higher (77% versus 66%). Whilst both genders show very similar rates of unemployment (6%) and periods of being temporarily out of the labour force because they were travelling or engaged in language studies abroad (3%), only male participants are in military service (9%). The proportion of graduates who attend further certifying education (e.g., a university of applied sciences) is slightly higher for male graduates as well (16% versus 14%). 10 Enterprises can consist of several establishments in the definition of the Federal Statistical Office (FSO). We use information from the firm census of the FSO to identify changes on enterprise level. This is our preferred definition because information on workers' abilities is likely to be available to the enterprise, not only to the establishment; see Euwals and Winkelmann (2004) for a short discussion. 11 Note that industry changes occur almost exclusively together with occupation changes in our data. Because all apprenticeship regulations refer to clearly defined occupations and not to industries, occupations are the relevant dimension in our context. 12 Task-based (Gathmann and Schoenberg, 2010) or skill-weights approaches (Lazear, 2009; Geel et al., 2011) allow one to analyse the distance between occupations directly. The more classical approach that distinguishes amongst official occupations remains relevant because all state regulations (on training ordinances, curricula, and diplomas) are based on these.
In our estimations, we always include variables on personal characteristics (gender, immigrant), parental education, language region, the apprenticeship training program (occupation and duration of apprenticeship, size of training firm), information on the period between end of apprenticeship and time of interview, size of the current firm, and the unemployment rate in the occupation. 13 Further variables (ability and match quality proxies) are discussed in the next section. Online Appendix Table A1 contains variable definitions,  and Table A2 presents descriptive statistics for all variables.
Estimation strategy

Operationalization of the hypotheses
To estimate the effects of firm-specific and occupation-specific components of human capital, we analyse the wage effects of changing firm within occupation (firm movers) and changing firm across occupation (occupation changers), as opposed to staying in the training firm and the occupation (stayers). These wage differentials can, in principle, be estimated by an OLS log wage (ln w i ) regression for person i:
Our main hypotheses pertain to the wage effect of mobility. 14 Due to human capital losses, we expect the coefficientsb fm andb oc for the firm mover (fm) and occupation changer (oc) dummy variables to be negative, with a larger wage loss for occupation changers than for firm movers. x is a vector of covariates, and u is the error term.
Potential sources of bias in OLS estimation
The OLS dummy coefficients may be biased due to four reasons: (i) heterogeneous occupation changes, (ii) optimizing behaviour in job search, (iii) heterogeneity in worker-firm and worker-occupation matches, and (iv) heterogeneity in worker ability. We discuss the likely direction of the biases introduced in OLS estimation, as well as our strategy to address these endogeneity issues. First, the transferability of human capital from one occupation to another may not be constant. For instance, an electrician might still make some use of his technical skills as a car mechanic, but not as an office clerk. Thus, we would like the OLS coefficient of the occupational change dummy in eq. (1) to identify the mean loss of human capital between two different occupations due to occupation-specific human capital. It does not identify a mean effect if occupation changers are more likely to choose a new occupation that allows a high transfer of human capital from their learned occupation. In this case, occupation 13 Brunner and Kuhn (2014, and others cited therein) have shown that unemployment at the time of labour market entry has a substantial effect on individuals' wages. 14 Goeggel and Zwick (2012) used the wage 'mark-up' between the last apprenticeship wage and the first skilled wage as dependent variable, arguing that higher quality training firms pay higher apprenticeship wages. However, human capital theory predicts that trainees accept lower training wages in return for receiving general human capital. Lower wages might thus indicate a higher training intensity. Muehlemann et al. (2013, table 3) indeed find that Swiss firms whose staff provides more training hours to trainees pay lower apprenticeship wages. The wage mark-up is then not suited to measure human capital transferability. Instead, we include apprenticeship wage as control in our robustness checks.
changers transfer more of their skills than would be the case if changes were purely random. The OLS coefficient for occupation change will be biased upwards and under-estimate the wage penalty for changing occupation. Second, apprentices have to search for jobs as their apprenticeship contracts end. In search theory (Mortensen, 1986; Rogerson et al., 2005) , the focus lies on the endogenous nature of inter-firm and occupational mobility with respect to wages. Search theory assumes that workers trade off the gains from accepting a job that offers a given wage with the expected gains from continuing to search and waiting for a higher wage offer. Apprentices will search for a post-training job and compare wage offers from the training firm, from other firms within the same training occupation and from firms in other occupations altogether. Occupational or inter-firm changes are realized when the wage offer in another firm or occupation exceeds the asking wage of the graduating apprentices. Because voluntary changers tend to benefit from mobility, their wage loss due to specific human capital will be under-estimated.
Third, during the period of training, apprentices experience the quality of their match with the training firm and with the occupation. Matching theory (Jovanovic, 1979) highlights the idea that job mobility enhances efficiency when it improves the quality of worker-firm or worker-occupation matches. Apprentices might thus voluntarily change firm or occupation after training to dissolve a bad match. It is unclear whether these apprentices will have a higher or lower average match quality after their change than stayers and whether match quality introduces any bias. Stevens (2003) convincingly argues that stayers will have belowaverage matches that they do not resolve because they would lose firm-specific returns. In the presence of returns to specific human capital, match quality differences might thus introduce an upwards bias in the OLS coefficients for the firm mover and occupation changer dummies. We would under-estimate the wage loss due to specific human capital.
Fourth, the literature suggests that mobility in the labour market depends on the unobserved ability of individuals. If abler apprentices receive better offers from outside firms, selection into mobility could be positive. However, the predominant case discussed in the literature is adverse selection. Gibbons and Katz (1991) analysed adverse selection in job changes when the ability of individuals is not observable by outside employers. In the model developed and tested by Acemoglu and Pischke (1998) , apprenticeships serve as screening devices for firms to learn about the most able apprentices and retain them after graduation, whilst not retaining those who fail to attain a certain ability threshold. This leads to involuntary mobility of adversely selected graduates. In such a case, OLS over-estimates the wage penalty for changers, as firm and occupation changers are less able on average.
The first three of the four sources of endogeneity discussed are presumed to induce an upwards bias in the OLS regression estimates of our mobility dummy variables, which results in under-estimation of the wage loss that would occur when an apprentice moves randomly (in a thought experiment) from one occupation or firm to another. If the size of a (fourth) possible bias due to ability sorting is small compared to the size of the other biases discussed, then OLS regression provides a lower bound for the causal wage penalty resulting from firm and occupation changes and hence for the returns to specific human capital.
Estimation set-up
Our first estimation model for eq. (1) is OLS regression, augmented with observable proxy variables to account for some of the possible sources of bias. The second type of models are endogenous treatment regressions that account for the endogeneity problems.
According to the third and fourth sources of endogeneity discussed in the preceding section, the fm and oc dummy variables depend on individuals' unobserved abilities and match qualities in a sample with endogenously determined firm and occupation changes. With respect to ability, we control for individuals' grades in the final examination at the end of apprenticeship training, reading literacy test scores at age 15 (before training) from the international PISA 2000 survey, 15 PISA mathematical self-concept, self-efficacy in work tasks during apprenticeship, extrinsic motivation, vocational baccalaureate, and previous school type on lower-secondary level. This proxy solution assumes that the unobserved, true ability and the firm mover and occupation change dummy variables are uncorrelated, conditional on the mentioned proxy variables. With respect to the quality of the traineefirm and trainee-occupation matches, we control for the apprentices' statements on whether they want to stay with the training firm after training, whether they like to perform the typical tasks of their apprenticeship occupations, for their assessments of the perspectives in the occupation and of the quality of their supervisor, all measured during training at least one year before graduation. If the proxies for ability and match qualities are good proxies that eliminate or greatly reduce ability bias, the remaining two sources of endogeneity will bias the OLS coefficients of mobility upwards and under-estimate the wage loss due to specific human capital. Hence, OLS provides a lower bound on the wage differentials. We treat the OLS coefficients as baseline results and address endogenous mobility by means of an endogenous treatment model (Heckman, 1978; Vella, 1998; Vella and Verbeek, 1999) .
In our case, the endogenous regressor is multinomial instead of binary (on multiple treatments, see Lee, 1983; Dubin and McFadden, 1984; Dahl, 2002) . It is a variable with three categories (i.e., two dummy variables) for firm stayers, firm movers, and occupation changers. The first equation of the model consists of a discrete choice model for mobility decisions, and the second equation is a wage regression.
Equation (2) describes the choice of apprentices amongst three mobility alternatives based on the individual latent 'utilities' y Ã ij . The observed, optimal choice enters eq. (3) as dummy variables fm and oc. x i represents controls included in both equations, z i represents variables that influence the mobility decision but do not influence wages. l i represents the selection effect and will be derived from the choice equation, as explained below.
We use two different approaches to estimate eqs. (2) and (3). Both model the choice eq. (2) as a multinomial logit, and the log wage eq. (3) as a linear regression. Deb and Trivedi (2006) propose a simulated maximum likelihood method to estimate the joint distribution of endogenous treatment and outcome using a latent factor structure. Their model includes two lambda coefficients (for three choice categories) in the outcome equation that account for the selection effect.
15 Contrary to reading performance, PISA 2000 tested mathematics performance only for a subgroup of pupils.
We compare the results of the Deb and Trivedi (DT) method with those of a standard two-step control function (CF) approach. We derive Mills ratios from a first-stage multinomial logit, applying a generalized version of the Dubin and McFadden (1984) approach. Bourguignon et al. (2007) showed that this version (DMF1 in their paper) performs well in Monte Carlo simulations of selection bias correction models and is their preferred option for small samples. The DMF1 approach involves one control function per choice alternative in the first stage, that is, l i includes three Mills ratios in wage regression (3). We assume that the treatment effect operates only through the intercept such that the coefficient vector b
x is the same for all groups (as in DT). 16 The two-step method has the advantage that it does not rely on simulation. However, two-step methods are inefficient and may result in inflated standard errors. In both methods discussed in the previous sections, non-linear functional forms identify the parameters even if the set of variables in both equations is identical. For more robust identification, we include variables (z i ) in the mobility eq. (2) that are excluded from wage regression (3). If these variables are correlated with mobility but uncorrelated with wages (after controlling for x i ), the model identifies the causal effect of mobility on wages.
Ideally, these variables reflect exogenous variation in the demand for apprenticeship graduates at firm and occupation level. In the absence of direct measures in the data, we use matched information from other data sources to create measures at the level of the local labour market (and industry) for average inter-firm and occupational mobility in the workforce and for employment growth within local industry. These measures for local labour market thickness or tightness will influence mobility behaviour at the individual level. We use three such variables, for which we assume no correlation with realized wages. The first variable is the average regional quit rate of apprentices in the relevant industry. We calculated regional, industry-specific quit rates from two Swiss surveys on costs and benefits of firms from apprenticeship training that contain information on the percentage of apprentices staying with their training firm after training. 17 The second variable is the regional, occupation-specific share of workers up to age 25 who do not work in their learned occupation according to the Swiss population census of 2000. The third variable is due to Neal (1995) , who used level of employment and employment growth in industries as variables affecting switching behaviour. As employment levels are not significantly related to mobility in our sample, we include only the employment growth variable. We expect that in industries with higher growth, apprentices are more likely to receive a job offer by their training firm and are more likely to stay. Vice versa, they are forced to leave the firm in the case of a non-growing industry, because the firm might not want to grow by hiring the former apprentice as a skilled worker. 18 We calculated employment growth from the firm census data. We matched all regional variables to the apprentices based on their place of 16 Due to the limited sample size, we are not able to allow for differences in the b X coefficients across mobility groups as would be possible in a full switching regression. 17 We thank Samuel Muehlemann and Stefan Wolter for the permission to use the cost-benefit data from 2000 and 2004 (see Schweri et al., 2003; Muehlemann et al., 2007) . We use the pooled data set containing 4,729 training firms. To account for possible outliers in quit rates, we use a dummy indicating a quit rate above the sample average. 18 Some authors use information on firm closures or sharp declines in firm size to analyse the effects of mobility (Fitzenberger and Spitz, 2004; Dustmann and Meghir, 2005) . We do not find a significant effect of firm size reductions on mobility, and there are no suitable data available on the former.
residence and occupation/industry during apprenticeship training. The relevant individual regions encompass all municipalities reachable within 30 minutes by car from the apprentice's residential municipality. We have thus created a specific region for every community in the data (see Online Appendix Table A2 for more details). Table 1 describes the mobility behaviour of employed apprenticeship graduates. Roughly one half of the graduates continue to work in their training firms, 42% change firms but not occupation, and 7% change firm and move out of the two-digit occupation in which they were trained. The proportion of occupation changes is rather low one year after completing apprenticeship training. If we use the five-digit definition, we find 4.5 percentage points more occupation changes than with the two-digit definition. First insights on the transferability of the human capital can be gained by using apprentices' own assessments of the usefulness of what they learned in training (in firms as well as in school) to their current work. Dustmann and Schoenberg (2007) use such a categorical variable and report results for the degree of specificity of what is learned in training in Germany (firm-specific: 4.5%, occupation-specific: 34.3%). Replicating their calculations, the last column of Table 2 shows that firm movers report values that are only 2.4% below the values reported by firm stayers ('firm-specific component'), whereas occupation changers report values that are 34.4% below the average value of firm movers within the learned occupation ('occupationspecific component'). Our results are virtually identical to those obtained by Dustmann and Schoenberg (2007) and indicate a substantial occupation-specific component and a negligible firm-specific component. The wage distributions in Fig. 1 show that average wages are highest for stayers, followed by firm movers and occupation changers. Stayers earn 23.31 CHF per hour, firm movers earn 22.86 CHF, and occupation changers earn 21.74 CHF (see Online Appendix Table A2 ). The wage distributions are broader for movers than for stayers and even broader for occupation changers. This is also the pattern that we would expect for the unobservable wage offer distribution, because the offers come from very different firms in the case of occupation changers. 19 Switzerland is composed of about 2,700 communities. Apprentices in the sample lived in 390 different communities.
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Results
Main findings
The first OLS wage regression in Table 3 (second column) does not yet include ability or match quality proxies. The results show no significant difference in wages between stayers and firm movers, but wages for occupation changers are lower by 5.2% compared with stayers, and the difference is statistically significant.
We add ability and match quality proxy variables in the OLS wage regression in the third column. The coefficients of the mobility dummies remain very similar, with occupation changers earning 4.5% less than firm stayers. Looking at the new covariates, we see that the PISA literacy test score at age 15 is significant: an increase by 1 standard deviation on the international PISA scale, that is, 100 score points, increases wages by 1.4%. We do not find a significant interaction effect between mobility and test score (results not shown). Individuals with higher mathematical self-concept, higher self-efficacy in work tasks, and higher extrinsic motivation also earn significantly more, which shows that these ability and Note: Respondents rated the usefulness of the skills for the current job on a scale ranging from 1, 'not useful', to 4, 'very useful'. Fig. 1 Distribution of the logarithm of hourly wages by mobility status one year after graduation Table 3 allow us to assess the selection process into firm and occupational mobility. We present average marginal effects. Notes: * p < 0.10, ** p < 0.05, *** p < 0.01. CF estimates: bootstrapped standard errors (2,000 rep.) in parentheses. Reference group: firm mover, Swiss, German-speaking part, lower track in lower-secondary school, parental education: comp. school, firm sizes: 1-10 full-time-equivalents. Results for training occupation and spells dummies and for DT mmlogit coefficients in Table A3 (online appendix) Many ability variables have no significant influence on mobility; yet as the PISA reading test score increases by 1 standard deviation, the probability of occupation change reduces by 2.8 percentage points. Trainees that earn a vocational baccalaureate during their apprenticeship period are more likely to stay with their training firm. Most matching variables show highly significant and substantial effects: a positive assessment of the career prospects in the learned occupation and a high perceived quality of training both reduce the probability of changing occupation. Wanting to stay in the training firm strongly increases the probability of working in the training firm one year after training.
Overall, we find only limited evidence for adverse selection on ability in post-training mobility. A possible explanation is that positive and adverse selection exist at the same time, such that the mean effect of ability on mobility is rather small. Occupation changers have a somewhat lower PISA score and are less likely to earn a vocational baccalaureate, but the experience during training as represented by the match quality variables is more influential for mobility decisions than ability. The match quality variables, however, do not significantly influence wages in the OLS regression. Accordingly, ability and match quality variables are important to understand mobility decisions and wage setting, but exert little influence on the wage differentials between stayers, firm movers, and occupation changers.
If our ability and match quality variables are good proxies, the remaining bias in OLS (from heterogeneous effects and endogenously chosen mobility) should be an upwards bias. Thus, the OLS coefficient of 4.5% wage loss for occupation changers provides a lower bound (in absolute terms) for the short-term wage loss due to occupation-specific human capital acquired during apprenticeship training.
The last columns of Table 3 show mlogit results for the mobility equation that acts as first stage for the endogenous treatment models. The three variables excluded from the (second stage) wage equation are jointly significant (p < 0.0001) in a Wald test. The regional quit rate and regional employment growth affect individuals' probability to stay in the firm significantly; the regional rate of occupation change increases individuals' probability to change occupation.
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The Deb and Trivedi (2006) endogenous treatment model accounts for the endogeneity of job and occupation changes. For most covariates, the DT results in the fourth column of Table 3 are very similar to the OLS results. Yet the wage loss of an occupation changer relative to a stayer increases from 4.5% to 9.4%. This result is in line with our prediction that-controlled for ability and match quality-OLS under-estimates the wage loss due to switches out of the learned occupation. The lambda coefficient for occupation change is significantly positive, indicating that selection into mobility is not random, conditional on the observed x-variables.
The point estimate for firm movers is almost equal to 0 and insignificant. Two interpretations are possible: either there is no substantial firm-specific skills component on average, or the training firm acquires all the returns on firm-specific training investments. Irrespective of the interpretation, there is no evidence that firms distort training contents towards firm-specific skills in an effort to retain workers. Of course, training firms might offer contracts with modest post-training wages and back-loaded compensation that reward tenure as a strategy 20 Concerning the variable 'regional rate of occupation change', its marginal effect is significant at the 10% level for occupation change against the two other alternatives (see Table 3 ); however, its coefficient in the first stage DT mixed mlogit is significant at the 5% level between the alternatives staying and changing occupation (Table A3 in the online appendix).
to retain apprentices (Stevens, 2004) . Firm-specific human capital would thus matter for lifetime earnings. We would need data on apprentices with many years of post-training labour market experience to analyse such behaviour by training firms.
Robustness checks
First, we compare the results of the Deb and Trivedi approach with the two-step control function approach described in the section on the estimation setup. The fifth column in Table 3 (CF) shows that occupation change is again associated with a higher wage loss than in the OLS models, whereas firm stayers and movers show no significant wage difference. The point estimate of occupation change is larger than estimated by the DT method, however, the qualitative results remain the same. The two-step procedure comes at the cost of markedly higher (bootstrapped) standard errors leading to an imprecise estimation of the mobility effects. Second, we redefine the occupation change dummy variable using five-digit, three-digit, and one-digit definitions in place of the two-digit definition of an occupation that we deem most adequate (see data section). These different definitions of occupation change imply different delimitations between firm-and occupation-specific human capital in our setting (see Table 1 ). Wage losses are smallest (6.3% in DT estimation, see Table 4 ) when occupational changes mean small (five-digit) changes, which is what we would expect from human capital theory.
Third, we change the calculation of the regional variables excluded from the wage equation (z-variables). If we define a 45-minute travel time radius from the apprentices' places of residence instead of 30 minutes, the results 21 are very similar to those in Table 3 . The occupation change dummy coefficient is virtually identical with À0.093. Notes: * p < 0.10, ** p < 0.05, *** p < 0 .01. OLS results: same covariates as in third column in Table 3 . The two-digit definition is the one used throughout the article. The four-digit level coincides with the three-digit level nearly everywhere throughout the nomenclature.
21 These and the following results in the text are not shown due to space restrictions, but are available from the authors.
Fourth, we estimate the DT model using only two, one, or none of the z-variables in the mobility equation, thus relying on non-linear functional form for identification. The results are very similar; in particular the occupation change dummy remains significant and between À9.0% and À9.5%.
Finally, if we include the last training wage as an additional control for unobserved heterogeneity in training (Euwals and Winkelmann, 2004) , it is weakly significant in the DT wage regression with positive sign. The wage effects of mobility remain virtually the same.
Conclusions
Firm-based apprenticeships have been suspected of transferring an overly specific, narrow set of skills. The literature available on human capital transferability for Germany comes to heterogeneous results and is probably not generalizable to other countries; however, several studies have reported high transferability of skills learned in apprenticeship.
We show that in Switzerland, with its lightly regulated labour market, firm mobility within one year after completing an apprenticeship is high (49% of all apprenticeship graduates, including occupation changers), whereas occupational mobility is limited (7% of all graduates). In OLS wage regressions, we find no significant differences in wages of firm stayers and firm movers within their learned occupation defined at the two-digit occupation level, even when we control for ability and match quality proxies. Firm movers with occupation change, however, earn almost 5% less. Applying a treatment regression approach to account for endogenous mobility decisions, we still find no wage effect for firm movers who stay within the occupation, but a negative wage differential of approximately 9% for occupation changers.
We conclude that within the occupational field of an apprenticeship, the human capital acquired is widely transferable to other firms after graduation. Transferability is more limited for changes beyond the occupational field: apprenticeship graduates that undertake such changes earn lower wages, with the magnitude of the wage cut depending on the distance between occupations. Adverse selection and the match quality with the training firm and the training occupation hardly affect these findings: whilst the match quality matters for mobility decisions in our estimations, it does not affect post-mobility wages. Conversely, we find that several ability variables have an effect on wages (in the usual direction); however, for the mobility decision, only PISA test scores show some adverse selection into occupation change.
Whilst firm-specific human capital does not seem to play a significant role for Swiss apprentices' early labour market wages, on average, occupation-specific human capital is an important component of apprenticeship training and accounts for a portion of the return to training.
Overall, Swiss apprenticeship curricula and quality assurances as defined by legal regulations seem to be successful in producing transferable skills and knowledge such that apprenticeships are not restricted to a very narrow set of skills. There is no evidence that training firms distort the regulated training content towards firm-specific components in an effort to reduce across-firm mobility of workers. High across-firm transferability of acquired skills is also in line with the findings of cost-benefit studies for Switzerland, which show that Swiss apprentices bear the full costs of training on average. Still, the provision of widely transferable human capital should be stressed in ongoing curricula reforms. Our findings on the importance of occupation-specific human capital highlight the need for continuing vocational training to continuously update or retrain skilled workers according to changing labour market needs. Otherwise, apprenticeships might reduce long-term flexibility compared to a general education system that does not require a choice of an occupation at the age of 16. At the same time, we may also interpret the importance of occupation-specific human capital as necessary condition for gains that accrue from specialization, both at the individual level and for the economy as a whole. Relatively high rates of (lifetime) returns to apprenticeships (Weber et al., 2001 ), compared with individuals who do not follow any post-compulsory education, support the view that the apprenticeship system is successful in supplying young adults with the skills demanded by Swiss firms. More empirical studies are required to analyse the relative long-term costs and benefits of education systems that rely on vocational education with early specialization.
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